Use of target date funds (TDFs) in retirement plans increased in popularity following the 2007-2008 financial crisis. However, some argued that TDFs do not provide an acceptable level of protection against market downturns and long-tail events. This study assesses the ability of TDFs to deal with long-tail events. It builds a system of equations for seven asset classes that are used to build four hypothetical TDFs, and compares simulated total returns for four hypothetical TDFs over a 50-year horizon, where the stochastic terms for each of the underlying asset classes is based on the normal distribution and a long-tail distributions (the Laplace distribution). Simulations are repeated 2000 times. Total returns for four TDFs are calculated over nonoverlapping 1-, 2-3-, and 5-year horizons over the 50-year span for the 2000 simulations. Results show that about half the time the risk measure for the long-tail distribution are wider than the normal, and about half the time the opposite holds. It seems that the processes of asset diversification along with calculating returns over horizons of at least one year mitigates effects of long-tail characteristics. Even so, results do not bode well for those nearing retirement. Negative returns over 1-and 2-year investment horizons are possible 17% of the time for a conservative allocation over a 50-year period.
INTRODUCTION
etirement plans have come under political scrutiny, in the aftermath of the 2007-2008 financial crises. Arguments were made that, at the very least, the target date retirement funds failed to provide an acceptable level of protection against the market downturn (Fleck, 2013) . This was particularly obvious among funds within a short distance to expected retirement (Green, 2009 ) Beyond this, there is some political sympathy for the view that individuals cannot be left to the own accord with respect to retirement planning. This view is usually associated with the belief that there should be a return to defined benefit plans. A suggestion of a government run retirement plan that can supposedly provide a guaranteed real return also surfaced (Regnier, 2008) .
Behind the concern over 2008 loses, stand the ongoing shift from defined benefit to defined contribution plans. As a result, an increasing number of individuals will need to manage their own retirement portfolios in the futures. Hence, the ability to weather long-tail events will be faced by an ever increasing numbers. This study assesses the ability of strategic allocation funds to provide protection against black swan events. It begins with a simple portfolio that has exposure to domestic equity, developed country equity, emerging market equity, and fixed income. Equations for each asset class are estimated and simulated over a 50-year (600 month) horizon using error terms drawn from a long-tail and normal distributions. The study's importance lies in its ability assessing the protection possible against black swan events and the tradeoff between protection and return.
These funds have grown in popularity and one report shows that nearly three quarters of all plans offered TDFs in their fund line-up (Hersch, 2013) . Another report shows assets at $503 billion at year-end 2013 (Hunnicutt, 2013) .
PREVIOUS SIMULATION RESEARCH
This paper is related to but differs from much of the target date simulation studies. These studies employ stochastic simulations (as does this study) but their purpose is to study the accumulation of retirement wealth given risk parameters. For example, Poterba, Rauh, Venti, and Wise (2005) exam wealth accumulation under alternative asset allocation rules. Next, Pang and Warshawsky (2009) assess the accumulation of retirement wealth where there is a trade-off between wealth accumulation and safety Finally, under contract with the department of Labor, Brien, Cross, Dunn, Pharris, Panis (2010) use three simulation model developed by the Policy Simulation Group designed to estimate retirement plan benefits. Unlike earlier studies, these are complicated models with a variety of equations on marital status, employment income availability of plans, contributions and withdrawal rates. Beyond this brief summary, space and the purpose of this paper's research do not permit greater detail.
In contrast, this paper simply seeks to provide a sense of risk attached to alternative asset allocations using alternative distributions for the error terms in the various equations for the total returns of the various underlying asset classes. While it does not asses the ability of accumulate assets to provide a life-long benefit after retirement, it does show the high degree of risk, even in very "safe" asset allocations. Implication of this are discussed at the end of the paper.
RISK ACROSS TARGET DATE FUNDS
Measuring risk across alternative target date funds is complicated. One way of comparing risk across alternative fund families is to examine the mix between equity and bonds at set target dates. More equity would supposedly point to more risk and vice versa. A review of the 10 largest target dates suites (downloaded from various web sites) show a high of 23 fund and a low of 5 funds, with the rest distributed between the two. There is a considerable difference in the mix between equity and fixed income funds in each of the funds families.
Differences in the mix of equity and fixed-income securities reflect different risk characteristics of the glide path of the funds as the time to retirement nears. Additionally, difference between "to" and "through" retirement. TDFs will different allocations between equities and fixed-income securities over their respective glide path as well as in the years after retirement. "Through" retirement have changing weights as the individual moves through retirement versus fixed weights in the allocation for the "to" retirement TDFs. Equity funds are larger share of fund assets for the "through" retirement TDFs throughout the glide path as well at retirement compared with "to" retirement funds. This is seen in indexes prepared by S&P illustrating this difference between the two glide path in Figure 1 below (Murphy and Scraturro). In this, the 2015 TDF would be the point where retirement income begins. Thus, on average, TDFs that go "through" retirement are built on roughly a 60% equity allocation in the early stage of retirement versus about a 30% equity allocation for TDFs that go "to" retirement.
The mix in the equity content and the fix-income content also changes as funds move through the glide path. To illustrate this, Table 1 reports the asset allocations in the S&P TDF Index Series across the glide path of TDFs. They go from a high of 90% equity for TDF 2055 to 31% for the Retirement Income TDF. These indexes were developed as a possible alternative for benchmarking TDFs, and they did serve as input into the structure of the hypothetical TDFs used in this study. Source: S&P Dow Jones Indices, 2012
RESTRICTIVE ASSUMPTION
Before developing the model, several restrictive assumptions need to be noted. These are summarized below:

There is a single cash investment at the start of the simulation period. There are no periodic investments as would exist in a typical retirement plan. While may seem an unrealistic assumption, it does simplify the calculations. More importantly, it allows for a focus on the effects of the error terms on total returns without corrupting results with periodic cash infusions. 
Since the weights are constant period to period for each of the four TDFs, it assumes that portfolios are rebalanced monthly. 
The glide path does not change over the course of the simulation horizon. This contrasts with the more typical practice of altering the weights according to an optimization strategy, such as mean-variance optimization or a value at risk optimization. While a step back from more realistic portfolio management schemes, this restriction is necessary for this to resemble a controlled experiment. 
No new products are introduced over the simulation horizon. As with the previous assumption, this simplifies calculations, but more importantly is a necessary assumption for this to resemble a controlled experiment 
The distributions of the errors in each of the seven functions are assumed to be symmetric. There is no skewness toward either downside or upside errors  There is no structural change over the 50-year horizon.
THE MODEL
The model begins with the total return of the seven asset classes. The total returns of the seven asset classes are linked together through a seven equation VAR system denoted by:
... AGG -iShares ETF that tracks the Barclays Broad Aggregate Bond Index j=7
SHV -iShares ETF that tracks the Barclays Short Duration Bond Index.
THE DATA
As model in the model layout above, iShares Exchange Traded Funds (EFTs) are used. These are produced by Blackrock, and are net of management fees. The sample period is dictated by data availability and begins on January 2, 2007 and ends on December 31, 2012. Essentially, the sample period is as long as the shortest data span for iShares used in this study.
Total returns are generated for each of the iShares ETFs by first calculating the capital gains yield (yield CG,j,t ) and the dividend yield (yield DIV,j,t ) from the month-end data extracted from the Bloomberg Data System as shown below:
The total returns (TR j,t ) for each of the j ETFs becomes
STATIONARITY
The usual Augmented Dickey-Fuller tests for stationarity were conducted. The tests showed that the individual total returns for each of the seven indices were stationary with virtual certainty. In the interest of full disclosure, co-integration tests were also conducted, and multiple co-integrating equations among the four total return series were found. A co-integration model with an error correction mechanism was estimated. However, out of sample simulations similar to those reported below produced results that were generally implausible. Thus, the choice of VAR is based on (1) stationarity of the series and (2) implausible results using co-integration with error correction.
VAR ESTIMATION RESULTS
Estimation results are reported in Table 2 . Various lags were considered and tests for the appropriate lag were inconclusive. Thus, for simplicity two lags were used. While some may see this as arbitrary, adding lags had no net effect on to model and added to its complexity. 1 The MSCI EAFE Index (Europe, Australasia, Far East) is a free float-adjusted market capitalization index designed to measure the equity market performance of developed markets, excluding the US & Canada. It consists of the following 22 developed market country indices: Australia, Austria, Belgium, Denmark, Finland, France, Germany, Greece, Hong Kong, Ireland, Israel, Italy, Japan, the Netherlands, New Zealand, Norway, Portugal, Singapore, Spain, Sweden, Switzerland, and the United Kingdom.
(Source: http://www.msci.com/products/indices/tools/index.html#EAFE). 2 The MSCI Emerging Markets Index is a free float-adjusted market capitalization index and consists of the following 21 emerging market country indexes: Brazil, Chile, China, Colombia, Czech Republic, Egypt, Hungary, India, Indonesia, Korea, Malaysia, Mexico, Morocco, Peru, Philippines, Poland, Russia, South Africa, Taiwan, Thailand, and Turkey. (Source: http://www.msci.com/products/indices/tools/index.html#DM) The Clute Institute Explanatory power of each function is modest at best. This finding should not be surprising, since most of the relation among total returns is contemporaneous and not among the lagged returns. Nonetheless, the F test for the null hypothesis that all coefficients were equal to zero was rejected at least at the five percent level of confidence for IWB, IWR, IWM, EM and SHV, while it was rejected at the eight percent level for EFA. Only AGG failed the significance test at any reasonable level of confidence.
Diagnostics of the residuals showed a high degree of contemporaneous correlation among the residuals of the seven equations. This is consistent with the usual high contemporaneous relationship among total returns, which is ignored in VAR models. This contemporaneous relationship among the error terms of the seven functions is taken into account in construction of the simulated error terms used in the simulations, a process described in the next section.
THE SET-UP OF THE PORTFOLIO SIMULATIONS
As noted earlier, two alternative distributions are consideration for the random draws of the error terms in the VAR system: the normal and the Laplace. 3 Histograms of these distributions are illustrated in Figure 2 below for a mean of zero and a standard deviation of 1.0. As can be seen, the Laplace has a sharper peak and a longer-tail, in both directions, compared with the normal distribution For each of these distributions, 2000 draws of 600 observations on seven error terms were made. This corresponds to a 50-year lifetime working horizon. Next, draws for each of the asset classes were combined with a common error term to reflect the high collinearly among total returns. This was done for both of the distributions. The following relationships were used, where w 0 is the common thread among the six of the seven assets classes. It was assumed that the short-duration bond (a proxy for money market funds) is independent from the other asset classes.
U_iwb
= 0.85*w0 + .15*w1 U_iwr = 0.80*w0 + .20*w2 U_iwm = 0.75*w0 + .25*w3 U_efa = 0.70*w0+.30*w4 U_eem = 0.50*w0+.5*w5 U_agg = 0.15*w0 + .85* w6 U_shv = w7 3 Summarized here is the process used to generate the data from the Laplace and normal distributions. A random number, x, that is drawn from a Laplace distribution can be obtained from another random number, a, as x = -1/sqrt(2) sign(a) ln( 1 -2 | a | ), where a must be drawn from a uniform distribution between -1/2 and 1/2. A random number drawn from a Normal distribution can be obtained from two random numbers, a and b, as x = sqrt(-2 ln(a) ) cos(2 * pi * b), where a and b are both drawn from a uniform distribution between 0 and 1. In both cases, the variance in the Laplace and Normal distributions is unity. Random variables with a uniform distribution were obtained from the rand() function of the C standard library.
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The Clute Institute At this point, there are 1200 draws of 600 observations for each of the eight error terms that will now be used to generate asset class returns for input into the four alternative TDF portfolios. The functions generating the total returns from each of the asset class (based on Table 1 ) are denoted below. As seen, the error terms generated above feed into each of the respective portfolios below. The 2000 draws (each of 600 observations) for U_IWB, U_IWR, U_IWM, U_EFA, U_EEM, U_AGG, and U_ SHV are used to generate 2000 draws of 600 observations each of these asset classes per the previous section's methodology. The simulated total returns reflect both month-to-month price changes as well as dividend accumulations. Since the data used to estimate the functions were based on ETFs, the estimations were net of expense rations, and so the simulated results would also be net of expense rations.
The four alternative TDFs, each with a varying degree of equity versus fixed-income securities, ranging from 90% equity and 10% fixed income for the TDF 2055 (aggressive) portfolio to 25% equity and 75% fixed income for the TDF Retirement Income (conservative) portfolio. Within each equity sleeve, the mix between U.S. large-, and small-cap assets classes and developed country and emerging market countries varies as the risk classification changes across the TDF glide path, and as well as the mix between the two fixed-income asset classes. The weights used in constructing the four portfolios below. The Clute Institute 
OVERALL COMPARISON OF RESULTS FOR ONE-MONTH RETURNS UNDER THE TWO DISTRIBUTIONS
Before proceeding with the comparison of cumulative returns over alternative investment horizons for the two distributions, it is useful to compare simple one-month returns of the TDF portfolios with the two distributions in Figure 2 to assess effects of portfolio diversification on the respective distributions. For simplicity, only one of the four TDF portfolios is use, namely the 2055 TDF portfolio which has the aggressive equity holdings. One million one-month growth rates are reported below in Figure 3 for the two distributions.
Interestingly, the tails of the two distributions do not differ as much as reported in Figure 2 . Thus, once asset class diversification is introduced, the tail differences between the two distributions is reduced. There is also an effect on the peak of the Laplace versus the normal distribution. The Laplace still have a sharper peak, but asset class diversification has flattened it a bit compared with Figure 2 . This process is repeated for each of the 2000 draws.
Finally, compound annual returns are calculated over each of the 2,000 TDF portfolios for both distributions over successive (non-overlapping) 1-, 2-, 3-, and 5-year, 5-year horizons. Before proceeding with the detailed comparison across alternative investment horizons, one-year total returns are reported in Figure 4 for the 2055 TDF (aggressive equity portfolio).
Figure 4: Laplace versus Normal Distribution of Cumulative One-Year Total Returns for the TDF 2055 (Aggressive Portfolio Equity
Once cumulative returns are calculated, it appears that the two distribution produce results that are qualitatively indistinguishable. Tails are quite similar as are the two peaks. Additionally, calculation of cumulative returns introduces a skewed distribution toward positive results for both distribution.
Next, summary measures (average compound annual return, standard deviations of each of the compound annual returns, lowest and highest of the cumulative returns for each horizon for the Laplace and normal distribution are calculated. Also, the percent of negative compound annual returns over each of the horizons as well as the average negative returns over each of the horizons are calculated. Results for these summary measures are reported in Tables 3 and 4 for the Laplace and the normal distributions, respectively. 
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PRELIMINARY FINDINGS
As can be seen, there are a total of 100,000 one-year compound annual returns computed from the nonoverlapping investment horizons over the 50-year working life and the 2000 draws for each risk-based portfolio (2,000*600/12). Next, there are 50,000 two-year, non-overlapping, horizons (2000*600/24), 32,000, three-year nonoverlapping horizons, and 20,000 five-year non-overlapping horizons.
In comparing Tables 3 and 4 and looking across the four risk-based portfolios, the various summary dispersion measures showed little difference between the Laplace and the normal distributions. Roughly half the time, the Laplace distribution has wider dispersion measures (standard deviations, lowest and highest compound annual returns) than the normal distribution and vice versa. Similarly roughly half the time, the percent of negative returns as well as the average negative returns are roughly half and half between the two distributions. Interestingly, effects of differences in outliers between the two distributions are apparently mitigated when compound annual returns over alternative non-overlapping investment horizons.
Thus, the role of long-tail distributions is not as dramatic as some may have felt in the aftermath of the crisis, Rather, as will be seen in the next section, the likelihood of "bad things happening" is simply very high, over 1-year and 2-year investment horizons under either distribution, and in the search for an explanation, effects of longtail distributions dominated the media discussion.
Given the similarity of results, discussion will now focus only on the results reported in Table 3 for the Laplace distribution. In looking across the four alternative risk-based portfolios, the standard deviations of the compound annual returns are positively related to the relative share of equity in the portfolio. Similarly, the magnitude as well as the range between the highest and the lowest total returns in each of the investment horizons is related to the share of equity in the portfolio. Interestingly, in all but a few cases, the high and the low total returns are outside the three standard deviation mark, this confirming the presence of long-tail characteristics that the study sought to produce.
PORTFOLIO RISK AND PROSPECTS FOR NEGATIVE RETURNS
In examining the 1-, 2-, 3-, and 5-year investment horizons, negative compound annual returns are possible over each of these horizons for all four risk based portfolios and under both distributions. Thus, there is a strong possibility of an unpleasant outcome as an individual approaches retirement, or even during retirement, simply from the randomness of life. Interestingly, readers should note, however, in a world of symmetrical distributions, there is also the chance of very large positive outcomes in each of the portfolios over each of the investment horizons. Thus, the randomness of life could provide everything from a very positive outcome to a negative outcome in the years leading up to retirement and during retirement.
For example, simulations for the TDF 2055 portfolio produce negative 1-and 2-year compound annual returns (CAR) around 40% of the time. That is, roughly 2/5 of the time, this aggressive portfolio would produce negative CARs over relatively short investment horizons. From Table 3 , one can see that the negative CARs average roughly -13% for both the 1-and 2-year horizons. The largest negative CAR is around 62% for both the 1-and 2year horizons. Chances of negative returns fell in the 3-and the 5-year investment horizons. CARs calculated from the portfolio simulations produce negative returns 28% of the time for the 5-year horizon with negative compound returns averaging -5.4%
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